Linking human motion and natural language is of great interest for the generation of semantic representations of human activities as well as for the generation of robot activities based on natural language input. However, while there have been years of research in this area, no standardized and openly available dataset exists to support the development and evaluation of such systems. We therefore propose the KIT Motion-Language Dataset, which is large, open, and extensible. We aggregate data from multiple motion capture databases and include them in our dataset using a unified representation that is independent of the capture system or marker set, making it easy to work with the data regardless of its origin. To obtain motion annotations in natural language, we apply a crowdsourcing approach and a web-based tool that was specifically build for this purpose, the Motion Annotation Tool. We thoroughly document the annotation process itself and discuss gamification methods that we used to keep annotators motivated. We further propose a novel method, perplexity-based selection, which systematically selects motions for further annotation that are either underrepresented in our dataset or that have erroneous annotations. We show that our method mitigates the two aforementioned problems and ensures a systematic annotation process. We provide an indepth analysis of the structure and contents of our resulting dataset, which, as of June 14, 2016, contains 3917 motions with a total duration of 11.26 hours and 5486 annotations in natural language that contain 45 779 words. We believe that this makes our dataset an 2 excellent choice that enables more transparent and comparable research in this important area.
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Introduction
Human motion plays an important role in many fields, including sports, medicine, entertainment, computer graphics, and robotics. Today, a wide variety of commercial motion capture systems exist that can be used to record vast amounts of motion data. In robotics, observation of human subjects helps to further our understanding of how humans succeed in challenging environments and perform complicated tasks. Great research effort has been put into the recording, processing, storage, and transfer of human motion. The collected data offers a promising way towards the intuitive programming of robot systems with humanoid embodiments. In our opinion, however, observing only the motion of a human teacher is not sufficient. Very often, a teacher will include additional or corrective instructions to the student using natural language. In other words, a teacher-student interaction and therefore such programming by demonstration concept 1 is inherently multimodal. Natural language also offers an intuitive way of describing complex motions and parametrizations thereof. Take, for example, the very simple sentence "A person wipes the table with their right hand 5 times". This single sentence encodes a rather complex motion ("wiping") and even parametrizes the execution of the motion ("right hand" and "5 times"). We therefore argue that the combination of motion and natural language plays a crucial role in achieving rich, multi-modal human-robot interactions.
Besides these long-term goals of building truly collaborative, easy and intuitive to program robots, the combination of motion and natural language also offers some immediate applications. A common problem when dealing with motion is the retrieval of matching entries from a large motion databases. In such a database, each entry is typically annotated with one or more labels, e.g. "wiping" and "right hand". However, it is often difficult to select all appropriate labels during the manual annotation of a new motion.
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Even more so, during the retrieval phase, the user must know exactly what he or she is looking for in order to specify the appropriate labels. In this case, natural language offers a much richer and intuitive way of describing motions. For new motions, rich descriptions could be generated automatically. For retrieval queries, these rich descriptions could then be used to perform full-text search and also provide means of selecting appropriate entries from a list. When using a generative system, a query in natural language could even be used to synthesize the requested motion.
While there has been active research to link human motion and natural language, 2, 3 there currently exists no publicly available dataset that combines human motion and natural language. As a result, different datasets have been used by different authors, which makes it hard to compare results. Additionally, potentially interested researchers cannot easily contribute since they lack the necessary data. To overcome these problems, we
propose the KIT Motion-Language Dataset, which combines human motion and descriptions thereof in natural language. We also systematically and thoroughly describe our methods to acquire the data and the contents of the resulting dataset. This includes the introduction of a novel method we used during data collection to select motions for further annotation in systematic fashion. This method, which we refer to as perplexity-based selection, ensures that motions that are either under-represented in our dataset or that have contradicting annotations are preferred for further annotation, mitigating the two aforementioned problems. As such, our dataset serves as an excellent candidate for a benchmark dataset, which is an import step towards more transparent, comparable and accessible research in this area.
The rest of this paper is organized as follows: In Section 2, we show that the need for such a unified dataset is real by covering existing research in this area and the different datasets used to conduct it. Next, we discuss the methods we used to acquire the data.
We first cover both modalities of our dataset separately, starting with human motion in Section 3. In Section 4, we cover the crowd-sourced acquisition of descriptions in natural language and present a novel method that ensures a systematic annotation process. Both, motion and natural language, are finally combined into our dataset, which we present in detail in Section 5. Section 6 discusses the results of our novel sampling approach that we used during the crowd-sourced annotation process. Finally, we summarize our work in Section 7 and provide an outlook on what we believe are important directions for future work in this area.
Related Work
In the last years, several large-scale databases of human whole-body motion have been acquired using optical marker-based motion capture techniques. The KIT Whole-Body Human Motion Database, 4, 5 see also, * provides a rich corpus of human whole-body motion and contains freely available recordings of a wide range of motion types, such as locomotion, manipulation, loco-manipulation, gesticulation, and interaction. The CMU Graphics Lab Motion Capture Database 6 also provides an open dataset of whole-body motion, which covers an comparable selection of motion types and is well-established in several fields such as robotics and computer animation. As these databases were used for the creation of our dataset, they are explained in more detail in section 3. HDM05 7 provides a dataset of 1457 human whole-body motion clips with a total run length of around 50 minutes, which have been created by segmenting a continous motion sequence demonstrated by five different non-professional actors. The Human Motion Database 8 provides five different datasets that have been acquired by using a systematic sampling methodol- * https://motion-database.humanoids.kit.edu/ ogy to select motions to be collected and additionally provides a survey of some existing motion databases in the cited article. In the Edinburgh CGVU Interaction Database,
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human whole-body motion for manipulation and object interaction tasks is captured using magnetic and RGB-D sensors. The NUS Motion Capture Database 10 contains whole-body motion capture recordings of eight different subjects for locomotion tasks and sports motions such as dance and martial arts. The Human3.6M Dataset 11 provides a large-scale dataset for the evaluation for human pose recognition methods, which contains complementary data from time-of-flight cameras and 3D laser scans of the human subjects.
Mandery et al.
5 provide a more in-depth discussion of existing human motion databases regarding size, methodology, and available motion types, also including databases that have specialized on more specific types of motion instead of whole-body actions.
While many datasets of human motion exist, none of the above-mentioned databases of whole-body motion includes textual descriptions beyond simple tags or keywords and, to the best of our knowledge, there are no publicly available datasets that combine human motion and natural language. However, there has been active research in this area, which uses datasets that combine natural language and motion.
Sugita et al.
2 studied the interaction between linguistic and behavioral processes.
In their work, the authors used a mobile robot in an environment with colored objects.
The goal of the robot was to point at, push, or hit the red, blue, or green object. The robot commands were articulated in natural language. The authors used a dataset that consists of 18 sentences of very simple structure, e.g. "point green" or "push red". These sentences were combined with the recording of 90 sensory-motor sequences, which were obtained by remote-controlling the robot. Ogata et al. 12 described a similar approach to combine motion and natural language. The authors used the arm of a humanoid robot, which had 4 degrees of freedom (DoF). The larger dataset contains a total of 467 motions, which were, again, recorded using an optical motion capture system. As in their previous work, the authors represented the motion using a kinematic model of the human body, which now features 34 DoF.
The motions used in this dataset also seem to be far more diverse than before. While not quantified by the authors, the samples listed suggest that a wide variety of different motions like walking, dancing, object manipulation, playing tennis, climbing stairs, and more were used in this new dataset. In contrast, previous work by the authors focused on a very narrow selection of motion, which were obtained from a baseball player. All motions were annotated with a total of 764 sentences, which consist of 241 distinct words.
In all cases, the annotations were originally written in Japanese and translated to English by the authors. The datasets used by the authors are not publicly available.
Recent work of Takano 18 attempted to build a larger dataset by crowd-sourcing the annotation problem. The motion data used by the author was recorded using 17 wearable inertial measurement units (IMUs). Similar to previous work, the recorded data was converted using a kinematic model of the human body, again with 34 DoF. The annotation process was carried out using a simple and publicly available web tool. 
Human Motion
In this section, we discuss the first modality of our dataset: human motion. We briefly present the procedures for the acquisition of motion data and describe the unified representation of whole-body motion that is used in our dataset.
Acquisition of Human Motion
A wide variety of commercially available motion capture systems exist to record motion data. Typically, one differentiates between optical (e.g. based on stereo video, depth information, or the tracking of markers) 23 and non-optical systems (e.g. based on IMUs).
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At the time of this writing, our dataset only contains motion data that was recorded using optical marker-based systems. In such systems, light in the infrared spectrum that is emitted by the cameras is reflected by markers attached to the subjects (and optionally objects) of interest and the reflection is recorded. Since the position of each camera is known from an initial calibration procedure and, generally speaking, each marker is visible to multiple cameras, the system can compute the coordinates of each marker in Cartesian space using triangulation.
We use data from the KIT Whole-Body Human Motion Database, 4 which was captured using a sampling frequency of 100 Hz. For human subjects, a standardized marker set that consists of 56 markers is used. The location of each marker on the human body is precisely specified and was derived from anatomical landmarks. 4 Our dataset also contains motion capture data from the well-established CMU Graphics Lab Motion Capture Database.
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The CMU data uses a different marker set, 25 which consists of 41 markers. Motions were recorded using either a sampling frequency of 60 Hz or 120 Hz. In all cases, the captured motion data is stored in C3D files, ‡ which is an industry standard. These files contain the Cartesian coordinates of each marker for each time frame as well as additional metadata (e.g. marker names).
Representation of Human Motion
While the previously described data already represents human motion, it does still depend on the given recording setup and especially the placement of motion capture markers.
Therefore, we wish to achieve a unified representation that is independent of the capture setup and also inter-subject variations like the height. This is essential to our goal of creating an open and extensible dataset since it allows us to convert motion data from ‡ https://www.c3d.org/ multiple data sources that use different marker sets or even completely different capture systems to the same representation. Luckily, this problem has already been solved in the past. We use the Master Motor Map (MMM) framework 5, 26, 27 for such a unified representation of human motion. The MMM framework maps the raw data recorded using any motion capture system to a standardized reference model of the human body. This is achieved by placing virtual markers on the reference model and computing the inverse kinematics such that the mean squared distance between corresponding physical and virtual markers is minimized. Figure 1 illustrates the conversion process. and mass. Since we do not use any dynamic properties here, the interested reader is referred to aforementioned publications for a full discussion of the dynamic model. The MMM framework is designed to not only work with human subjects but also with objects that are part of a scene. While scenes that contain objects are currently not part of our dataset, it is still important to note that such data could be used in the future.
The implementation of the MMM framework is open source § and provides ready-to-use converters for our motion capture setup that implement the aforementioned least-squares optimization. It also specifies an XML-based data format, which we use in our dataset to store motion recordings as represented using the MMM reference model. The framework includes a range of tools, amongst other 3D visualizer that can be used to inspect MMM motion data. Terlemez et al. 26 discuss the data format and the available tools in depth.
Natural Language Annotations
This section is concerned with the acquisition of motion descriptions using natural language annotations. While we resorted to existing data sources for the acquisition of motion data, we had to collect the annotations ourselves. In order to do so, we created § https://gitlab.com/groups/mastermotormap 13 a web-based tool specifically designed for this task called the Motion Annotation Tool. ¶
We describe the user interface of the tool, cover gamification approaches that we used to motivate annotators, and finally describe a novel approach that we used to decide which motion to present next to the user for annotation.
User Interface
The Motion Annotation Tool was designed to be as easily accessible as possible to a wide audience. We therefore decided to implement the tool using web-based technologies so that no additional software would need to be installed on a volunteer's computer. We also ensured that the tool works equally well on modern portable devices like smartphones and tablets so that volunteers could annotate while on the go, e.g. during a commute from or to work.
Another interesting problem that we needed to solve was how the motion would be visualized to the human annotator. Consider, for example, a wiping motion and another motion where the subject runs. In the first case, the subject is stationary and the interesting part of the motion is the movement of the hand. In contrast to this, in the second case, the motion is highly non-stationary where the subject travels a large distance. Additionally, the entire body is part of the motion and a different focus of the annotator is likely necessary. This is further complicated by the fact that some motions are performed using either the left or right hand, making it necessary to show the relevant parts of the body. We therefore decided early on that the annotation visualization must be interactive instead of using a rendered video of the motion from a fixed perspective. We used the Web Graphics Library (WebGL) and the three.js framework, * * which builds on WebGL, annotator's progress (1), the interactive visualizer (2), the playback controls (3), the input field (4), the annotation instructions (5), the submit button (6), the skip button (7), and the reporta-problem button (8) .
to implement an interactive 3D visualizer directly in the user's web browser without the need to install additional software. This allows the user to select an appropriate perspective that help him or her with the annotation process by rotating and zooming the virtual camera freely. Below the visualizer, a pause/play button and a slider, which allows to skim through the motion quickly, can be used to control the playback. A screenshot of the Motion Annotation Tool's user interface elements during annotation is depicted in Figure 2 .
Besides this main user interface element, the interactive visualizer, the user is presented with a text field where he or she can input the annotation in natural language. We include guidance to the annotators by asking them to provide a description in the form of a single and complete sentence in English that describes the motion as accurately as possible.
We also provide some exemplary sentences to the user, which are not related to the current motion but simply illustrate the required format. Basic validation is applied to each annotation before saving it to the database. This is done to avoid cluttering the dataset with erroneous annotations, both unintentionally (e.g. spelling mistakes) and intentionally (e.g. typing in nonsense) created ones, and ensures a minimum quality standard. The validation uses some simple heuristics like the total number of words, the percentage of correctly spelled words (as determined by an open-source dictionary of the American English language), and the occurring punctuation to decide if a user's input is consistent with the aforementioned requirements. The validation is designed to be conservative since too strict requirements may exclude valid annotations. Once the user has finalized an annotation, it can be submitted. Alternatively, the user interface also features buttons to either skip a motion, which allows him or her to come back to it later, or to report a problem with the motion data itself.
Gamification
Since our efforts of collecting a large-scale dataset are completely dependent on the willingness of the voluntary annotators, we thought about how we could motivate people to participate. Besides an easy-to-use user interface, as discussed previously, we utilize gamification to make the annotation process more interesting and fun. Deterding et al.
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define gamification as "the use of game design elements in non-game contexts". In the
Motion Annotation Tool, we use several such game design elements.
Originally, the Motion Annotation Tool simply presented the next motion after the user submitted an annotation. In conversations with early users, it became clear that they had a desire to known how many annotations they had already written. However, simply presenting the user with the number of annotations was often problematic since progress seemed very slow due to the large number of motions that each user could still
annotate. The solution that we chose was the use of a leveling system. A new user starts as a Novice and can work his or her way up to Research Assistant, Junior Scientist, Senior
Scientist and so on. Leveling up is easy at first, with only 10 annotations necessary to become a Research Assistant. This means that progress is very apparent initially and we can present a progress bar to the user that fills up quickly (see Figure 2) . However, as the user progresses, leveling up becomes harder making it more of a personal challenge for the user to reach higher levels. The leveling system also led to the introduction of a leader board. The leader board lists all users and their respectively achieved highest level sorted by the number of annotations they have submitted in descending order. This allows an annotator to see how she or he ranks amongst their peers, which was another request by early users.
While hard to quantify, we believe from conversations with annotators as well as from personal experience that this feature was indeed very helpful to keep annotators going and to make this rather dull process more playful. It was very apparent to the authors that a sense of personal progress as well as comparison with other annotators was a strong motivator for most participants and ultimately a big factor in the success of the data acquisition. We explicitly decided to share these design decision in this article, since we believe that this is an important factor in data acquisition, which is often overlooked.
Motion Selection
While we have already discussed how the annotation itself works, an important question has not been answered yet: How is the next motion for annotation selected? In our work, we used a mixture of two different selection strategies.
The first approach is very much straightforward and works by randomly selecting any motion that has not been annotated so far, with all motions having equal probability of being selected. We use this approach to initialize the annotation process. However, as soon as each recorded motion has been annotated once, it becomes unclear which motion should be selected for further annotation. An obvious approach is to simply sample from the set of motions that have the fewest annotations. However, this approach has two problems: First, the motion data that we use contains a lot of recordings of bipedal locomotion (e.g. walking and running) but much less recordings of other motions (e.g. dancing and kicking). This is due to the nature of previous research that was conducted at our lab, which involved the extensive study of such motions. Second, we noticed that some annotations stood out due to a different interpretation of the motion by the annotator (which is valid) and also due to low-quality annotations with spelling and grammatical errors (which is unwanted). We therefore decided to use the annotation data that we already collected to estimate good candidates for further annotation.
To do so, we use the perplexity 30 of an annotation, which is defined as:
where a i is the concatenation of words of the i-th annotation, |a i | denotes the number of words in a i and P (a i ) denotes the probability of a i under some statistical language model like an n-gram model. 30 Briefly speaking, an n-gram language model is based on the simplifying assumption that the probability of a word in a sentence only depends on the n − 1 words before it. This makes it feasible to compute the word probabilities for small n by simply counting all occurrences in the text corpus. More concretely, we use a 4-gram language model to predict the probability P (a i ), which is trained on the set of all N annotations A = {a 1 , . . . , a N }. The perplexity can be thought of as a measure of "surprise" under a given model. If the text of an annotation can be predicted with probability P (a i ) = 1, it follows that ppl i = 1. In contrast, if the probability becomes smaller than 1 because the model is less confident in predicting the text, the perplexity increases.
We use this property to prefer motions with higher perplexity as candidates for further annotation. We define the perplexity of a the j-th motion simply as the mean over the perplexity of all its annotations:
where A j is the set that contains all annotations that are associated with the j-th motion and |A j | denotes the cardinality of the set. Notice that each motion has at least a single annotation due to the fact that we used the first selection approach to initialize, hence |A j | ≥ 1. The selection is then realized by sampling from a discrete probability distribution over all M motions:
where P (j) denotes the probability of selecting the j-th motion. From Equation (3) and ∀ j ∈ {1, . . . , M } : mppl j ≥ 1 (compare Equations (1) and (2)), it follows directly that P (·) fulfills all three properties of a discrete probability distribution (Kolmogorov axioms).
After a motion has been annotated, we temporarily exclude it from the sampling process until the perplexities have been re-computed, which happens periodically at every hour.
Motions that are over-represented in the dataset will likely have lower perplexity to begin with since their type of motion have already accumulated more annotations.
In contrast, motions that have "surprising" annotations either because they are underrepresented or because the annotations contain errors will have high perplexity, leading to their selection. Due to the fact that we re-compute the perplexity every hour, the selection process continuously adapts itself. We show that the perplexity-based sampling approach is indeed effective in Section 6.
Dataset
While previous sections discussed human motion and natural language annotations individually, we now bring our attention to the resulting dataset, which combines both. We first provide an overview of its structure, some statistics on the data that it contains, and finally compare its properties to other datasets.
Structure
The dataset is organized as follows. For each entry, the dataset contains four files: The raw motion data as produced by the capture system, the converted motion using the MMM reference model, the annotations in natural language, and additional metadata. Figure 3 depicts five exemplary motion and their respective annotations from our dataset.
The motion data itself is available in two different formats. The format of the raw motion data varies depending on the source of the motion. Currently, the dataset only 20 contains motion data that was recorded using an optical marker-based motion capture system, which is stored in C3D files. However, since the dataset combines data from different data sources with different capture setups, the marker set varies across recordings.
Furthermore, we intend to include data from additional sources in the future, which might use a different capture modality and data format altogether (e.g. IMU-based motion capture). We therefore include XML files which contain the MMM representation for each motion. Like previously discussed, this frees researchers from having to work with a variety of different formats and tools and provides a unified representation that is independent of the marker placement and even capture system (compare Section 3). We encourage researchers to use the MMM representation instead of the raw data since this allows us to gradually expand the dataset in the future by adding data from additional data sources while still maintaining a compatible representation with previous versions, making it trivial for researchers to work with updated versions of the dataset. As mentioned before, the MMM framework is open source and well-documented and also readily contains crossplatform tools for common tasks, e.g. a tool to play back recorded motions. Providing this unifying representation for data aggregated from multiple sources is a key property of our dataset.
The second important part of the dataset are the annotations in natural language.
Each entry is associated with a set of such annotations, making it a one-to-many relationship. We provide this data in a very simple, JSON-based format: For each entry, the respective file contains all associated annotations as a simple array of strings. We chose to use JSON files for this purpose since they are trivial to parse and human-readable.
Our dataset also contains metadata for each entry in a simple, JSON-based format.
Each file contains information that links the entry to the Motion Annotation Tool by providing the respective ID for the entry itself and the IDs of the associated annotations. The
IDs are unique, even across different data sources, and are guaranteed to be permanent.
This makes them especially suitable to reference specific entries or a set of entries, which is useful in a machine learning context, where the dataset is usually split into a training, validation and test subsets. We consciously decided to avoid defining a split ourselves since some researchers may only work with a suitable subset of the data. The metadata also clearly states the institution that recorded the motion data and contains the necessary IDs to look up the motion in the respective source database. This allows researchers to retrieve additional information that could be of interest but is not part of our dataset.
For example, the previously mentioned KIT database contains information on the subject like height, weight, and gender. It also provides the so-called Motion Description Tree, which is a categorization system that assigns each motion one or multiple hierarchically organized tags (e.g. "walk" and "left") as well as additional recordings like videos and sometimes force sensor data. 4 All of this data can be easily accessed using the provided metadata and the available API. Motions that originated from the CMU database can be looked up in similar fashion and we intend to include appropriate metadata for new data sources in the future as well.
We provide the dataset as a compressed ZIP archive, which can be directly downloaded from the Motion Annotation Tool. The dataset contains a wide variety of different motions from categories like gesticulation (e.g. pointing and waving), locomotion (e.g. walking and crawling), manipulation (e.g. throwing and wiping), and sports (e.g. martial arts and tennis). Many motions also available in variations where factors like speed (e.g. walking slow, medium and fast), body part (e.g. using the left or right hand for throwing), direction (e.g. jumping to the left or right), and number of repetition for periodic movements (e.g. wiping the table once or five times) differ across recordings. The motions were performed by 111 different subjects, of which 11 are female and 21 are male. The average subject is 27.19 ± 7.63 years old, weighs 70.28 ± 11.15 kilograms and is 1.76 ± 0.08 meters tall. Data concerning the subjects is only available for recordings from the KIT database, subjects from the CMU database were excluded from these statistics.
The dataset contains a total of 5486 sentences in English. All sentences combined consist of a total of 45 779 words, while the average sentence consists of 8.35 ± 4.28 words.
The total vocabulary size (that is the number of unique words, disregarding capitalization and punctuation) is 1283. The annotations were written by 88 volunteers, with the an average of 62.34 ± 89.98 annotations per volunteer. Most annotations were written by volunteers located in Germany (4604), followed by France (74), Austria (39), Australia (34), and the United States (24) . The origin of the remaining 711 annotations is unknown since the location can only be estimated from IP addresses. We also analyzed the the configured language preference of the volunteers (as indicated by their Accept-Language HTTP header): 3422 annotations were written by people who had their language preference set to German, 1633 to English, 101 to French, 50 to Chinese, and 26 to Polish.
The language preference of the creators of the remaining 254 annotations could not be determined.
Human Motion
Natural Language
# Recordings
Mean Duration 10.35 ± 13.42s Vocabulary 1283 Table 1 : Overview of the dataset content. Table 1 summarizes the most important statistics for both modalities. It should be clear that our dataset contains a large number of human motions and annotations thereof in natural language. Furthermore, our dataset is diverse in the sense that it contains a wide variety of different motions that were performed by a large number of different subjects. Similarly, the annotations were written by a large number of volunteers, which ensures that the dataset contains a diverse set of annotations. Our resulting dataset has a total size of 8.08 GiB. The compressed ZIP archive, which we make available online, is 3.88 GiB large.
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Comparison with other Datasets
We have already discussed other datasets that were used by other researchers in Section 2.
However, we have yet to compare them with our dataset.
We believe that using an openly available dataset is important in order to conduct transparent research that can be verified by others. The lack of an open dataset also makes it impossible to compare results since each author uses different data. We therefore think that an important first difference is that our dataset is completely open and can be used by anyone, making it suitable to act as a benchmark for new methods and approaches in the future.
Furthermore, our dataset is not only open but also, to our best knowledge, the largest and most diverse by a far. As previously discussed, our dataset contains 3917 motion from a wide range of different scenarios and 5486 sentences. Additionally, this will only increase with time since our dataset is designed to grow by adding additional motion data from existing or new data sources and a continued annotation effort using our crowd-sourcing approach. We intend to continuously release updates as new data becomes available so that other researchers benefit as well.
By using the MMM representation for motion data, we provide a unified representation of human motion that abstracts from the concrete motion capture method. This relieves researchers from the hassle of having to support a wide variety of different file formats and differing marker sets. The MMM representation therefore makes it trivial for users of our dataset to update to new releases and benefit from more data in the future, even if a new data source was added. Additionally, researchers can use the freely available tools from the MMM framework to efficiently work with the motion data.
Lastly, we believe that our dataset is the most thoroughly documented one. We provide an extensive discussion of our methods and the nature and representation of the included data in this work. From an engineering perspective, we also provide a comprehensive technical documentation of the dataset online, which helps users work with the data.
Perplexity Analysis
As we have already discussed in Section 4.3, we use the perplexity of a motion in an attempt to mitigate two problems: The fact that some motions are under-represented in the dataset and potentially erroneous annotations. In this section, we show that our approach is indeed effective at mitigating the two aforementioned problems. First, we
show that perplexity is a useful measure to find unusual annotations. Next, we show that using perplexity-based motion selection reduces the mean perplexity and corresponding variance. Table 2 lists the ten annotations that have the lowest perplexity in our dataset, hence annotations that have high probability. We list all annotations converted to lowercase and without punctuation since this is the form that we use to compute the perplexity.
Annotation Perplexity
Also notice that we list each annotation only once and remove subsequent duplicates from the list. The results are not surprising: All ten annotations describe walking in various forms. This was expected since the motion data that we use contains large quantities of locomotion recordings. Additionally, all ten sentences do not contain any spelling or grammatical errors.
In contrast, Table 3 lists the ten annotations that have the highest perplexity, with the same preprocessing steps (as described before). It is immediately apparent that the content of this table is vastly different from no complete English sentences but instead descriptions in note form. Another interesting example is sentence number 5: Here, the annotator noticed that the motion is broken and used the annotation field to communicate this. However, this is obviously a strange annotation, so the high perplexity is expected and desired. Annotation number 8 appears to be an erroneous annotation where the annotation was presumably submitted prematurely by accident.
This pattern continuous beyond the few samples listed. This clearly demonstrates that the perplexity is indeed an appropriate measure to identify annotations of interest serves as a useful measure to identify motion candidates for future annotation by the user. 
Perplexity-based Motion Selection
The Motion Annotation Tool uses two different selection strategies: Random-based selection, in which the next motion for annotation is selected uniformly from the pool of motions with the fewest annotations and perplexity-based selection, in which the probability of selecting a motion is proportional to its mean perplexity (compare Section 4.3). We initially used random-based selection and switched to perplexity-based selection on April 25 2016. It is important to note that the system used random-based selection for a while even though all motions were already annotated (at this point in time, the dataset contained only 2097 motions since the CMU data had not been imported yet). This makes it possible to directly compare both approaches in a similar setting. at which we switched from random-based selection to perplexity-based selection.
In Figure 5 , three different phases can be identified: In the first phase, the mean perplexity is rather noisy. This is simply due to the fact that not many annotations have been collected at this point, which means that a single annotation can heavily influence the mean. This first phase is relatively uninteresting, since not enough data is yet available.
The mean perplexity stabilizes around 1000 annotations, which leads to the second phase. However, notice the high standard deviation of the motion perplexities. This is due to the previously described problem: Since locomotion dominates the motion data, we have already collected many annotations for this type of motion, which, in turn, decreases their perplexities. In comparison, however, very few annotations exist for other types of motion, hence they have high perplexity. This large difference in perplexities results in the high variance visible in Figure 5 . Since random-based selection does not differentiate between different motions except for the number of collected annotations per motion, the probability of selecting a motion of type locomotion is much higher than that for any other type of motion. This, in turn, only worsens the situation and explains the continuously growing standard deviation.
The third phase begins as we switch from random-based selection to perplexity-based selection, which is indicated by the vertical red line. The effect of this change is striking: The standard deviation of the motion perplexities decreases significantly as more annotation data is collected. Similarly, the mean motion perplexity decreases noticeably as well. It is also interesting that the effect of the change is rapid at first and slows down over time. This observation makes perfect sense: Since we select motions with a probability proportional to their perplexity, we selectively collect data for motions with high perplexity. At first, a few motions with very high perplexity exist, either because they are under-represented in the dataset or because their annotations are erroneous.
The probability of selecting these for further annotation is very high, which in turn leads to a significant drop in perplexity. Conversely, the probability of selecting motions that already have low perplexity is very low, which means that no new annotations for these motions are collected. As a result, the motion perplexities decrease rapidly at first, slowing down as they approach the lower bound. This also reduces the variance, since the upper bound of the perplexities approach the lower bound. Also notice that perplexitybased selection not only decreases the mean perplexity and standard deviation, but also appears to act as a stabilizer. This can be seen by comparing the mean perplexity before and after the switch to perplexity-based selection. When using perplexity-based selection, the mean and standard deviation are smooth whereas random-based selection results in larger changes and thus a noisy curve.
The results clearly demonstrate the effectiveness of our perplexity-based selection approach.
Conclusion
The incorporation of human motion and natural language is an important area of research that has many applications, especially in robotics. There have been years of research in this area to further our understanding of how such an incorporation might be realized.
However, no standardized and open dataset exists that researchers can use to evaluate and compare their approaches.
In this work, we presented the KIT Motion-Language Dataset, a large, open and extensible dataset for the combination of human motion and natural language. Our dataset is freely available and significantly larger and more diverse than previously used datasets. It is also highly extensible, which we hope will lead to a continuous growth in size. We utilized the unifying properties of the Master Motor Map framework to achieve a motion representation that is independent of the concrete motion capture system and thus independent of the data source itself. Additionally, we thoroughly documented all aspects of the dataset, from the data acquisition process to the structure and contents of the downloadable dataset. As of June 14, 2016, the dataset contains 3917 motions and 5486 annotations thereof in natural language. We believe that the properties of our dataset make it an excellent candidate for benchmarking methods in this research area and hope that other authors will adopt it in their work. The latest version as well as archived versions of the dataset are available online: https://motion-annotation.humanoids.
kit.edu/downloads
We also presented a novel way to decide which motion to present to the user during annotation: perplexity-based motion selection, which is used for the crowd-sourced collection of annotations. We show that the perplexity is a suitable metric to detect annotations that are either under-represented or controversial. We further show that the perplexity-based selection approach helps decrease the variance in perplexity and acts in a stabilizing manner.
However, there is still room to improve the dataset in future work. First, we intend to add more motion data from the wide variety of available data sources. Second, the Motion Annotation Tool currently only supports motions performed by a single subject and without any objects. Especially the inclusion of objects is an important next step since they provide additional context, e.g. for manipulation tasks. Third, we intend to actively develop the dataset and its contents to incorporate ideas and feedback which we will hopefully receive from users of our dataset.
